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Comparison of Models to Estimate Genetic Effects
for Weaning Weight of Angus Cattle1
J. Dodenhoff*,2, L. D. Van Vleck†,3, and D. E. Wilson*
*Department of Animal Science, Iowa State University, Ames 50011 and †ARS, USDA,
Roman L. Hruska U.S. Meat Animal Research Center, Lincoln, NE 68583-0908
ABSTRACT: Weaning weights from nine sets of An-
gus field data from three regions of the United States
were analyzed. Six animal models were used to compare
two approaches to account for an environmental dam-
offspring covariance and to investigate the effects of
sire × herd-year interaction on the genetic parameters.
Model 1 included random direct and maternal genetic,
maternal permanent environmental, and residual ef-
fects. Age at weaning was a covariate. Other fixed ef-
fects were age of dam and a herd-year-management-sex
combination. Possible influence of a dam’s phenotype on
her daughter’s maternal ability was modeled by includ-
ing a regression on maternal phenotype (fm) (Model 3)
or by fitting grandmaternal genetic and grandmaternal
permanent environmental effects (Model 5). Models 2,
4, and 6 were based on Models 1, 3, and 5, respectively,
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1999 American Society of Animal Science. All rights reserved. J. Anim. Sci. 1999. 77:3176–3184
Introduction
Based on Willham’s (1963) model, (co)variance com-
ponents typically estimated for maternally influenced
traits are direct and maternal genetic variances, direct-
maternal genetic covariance, variance due to perma-
nent environmental effects of the dam, and residual
variance (e.g., Meyer, 1992b; Waldron et al., 1993; Rob-
inson, 1996a). However, the environmental dam-off-
spring covariance generally is assumed to be zero, mak-
ing it a “reduced” model (Koerhuis and Thompson,
1997). Problems arising when trying to estimate all
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and additionally included sire × herd-year (SH) interac-
tion effects. With Model 3, estimates of fm ranged from
−.003 to .014, and (co)variance estimates were similar
to those from Model 1. With Model 5, grandmaternal
heritability estimates ranged from .02 to .07. Estimates
of maternal heritability and direct-maternal correlation
(ram) increased compared with Model 1. With models
including SH, estimates of the fraction of phenotypic
variance due to SH interaction effects were from .02 to
.10. Estimates of direct and maternal heritability were
smaller and estimates of ram were greater than with
models without SH interaction effects. Likelihood val-
ues showed that SH interaction effects were more im-
portant than fm and grandmaternal effects. The com-
parisons of models suggest that ram may be biased down-
ward if SH interaction and(or) grandmaternal effects
are not included in models for weaning weight.
(co)variance components in Willham’s model and ad-
vantages of the “reduced” model are described by
Thompson (1976), Meyer (1992a), and Koerhuis and
Thompson (1997). A consequence of neglecting the pos-
sible influence of a dam’s phenotype on her daughter’s
maternal ability may be a downward bias in the esti-
mate of the direct-maternal genetic correlation (ram)
because this influence is suspected to be negative. Fal-
coner (1965) included the dam’s phenotype as a linear
covariate in his model for litter size in mice. Over-feed-
ing of beef cattle may cause a negative environmental
dam-offspring covariance (e.g., Koch, 1972; Willham,
1972; Baker, 1980).
In simulation studies, ignoring additional variance
among sires that results from importing new genetic
material and sire ×herd or sire × year interaction effects
can lead to biased estimates of ram (Robinson, 1996b;
Lee and Pollak, 1997). Meyer (1997a) has reported esti-
mates from beef cattle data using the “reduced” Will-
ham model and models that included a regression on
maternal phenotype and sire × herd-year interaction
effects.
Thus, our objective was to determine how estimates
of genetic parameters for weaning weight in beef cattle
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are affected if the influence of a dam’s phenotype on
her daughter’s maternal ability is accounted for either
by regression on maternal phenotype or by grandmater-
nal effects. Following Lee and Pollak (1997) and Meyer
(1997b), the effect on other variance components from
fitting sire × herd-year interaction effects was also in-
vestigated.
Materials and Methods
The American Angus Association provided the data.
Weaning weight records from three states (Iowa, Mon-
tana, and Nebraska) with more than 150,000 observa-
tions each were extracted. Within each of the states,
three data sets were created by randomly selecting sev-
eral complete herds with a minimum of 10 and a maxi-
mum of 2,000 records. For each animal in these nine
statistically independent data sets, two additional gen-
erations of pedigree information, if available, were
added. Characteristics of the samples, which included
weaning weight records from 1972 through 1996, are
given in Table 1.
Each data set was analyzed separately with six sin-
gle-trait animal models. Age at weaning was fitted as
a linear covariate, and age of dam and contemporary
group, defined as a combination of herd, year, manage-
ment, and sex, were fitted as fixed effects. Model 1
was the “reduced” model with the environmental dam-
offspring covariance assumed to be zero:
y = Xb + Z1a + Z2m + W1p + e
where
y is a N × 1 vector of observations;
b is the vector of fixed effects;
a and m are vectors of breeding values for random
direct and maternal genetic effects;
p is the vector of maternal permanent environmen-
tal effects;
e is the vector of random error effects; and
X, Z1, Z2, and W1 are known incidence matrices, with
Z1 and Z2 augmented for animals without records
that were included in the relationship matrix.
Table 1. Characteristics of the sample data sets from three states
Weaning weight, kg
Assigned Pedigree Sire × herd-year
Sample Herds Mean SD Records Sires Dams Granddams granddamsa animals effects
IA-1 26 231.9 48.0 8,964 555 3,767 2,608 8 16,197 961
IA-2 34 234.3 55.9 11,675 754 4,303 2,955 53 20,464 1,438
IA-3 54 237.6 50.4 8,813 694 4,017 3,005 24 18,677 1,328
MT-1 20 246.0 43.1 9,302 502 3,272 2,076 31 14,986 1,066
MT-2 25 254.0 41.2 10,318 573 3,230 2,113 27 15,847 1,246
MT-3 36 268.4 40.1 9,349 522 2,991 2,142 2 15,713 1,236
NE-1 43 240.5 42.3 11,532 951 5,067 3,850 12 23,837 1,899
NE-2 18 233.7 39.4 9,764 611 3,892 2,735 1 16,437 1,184
NE-3 13 230.6 43.6 8,128 518 2,490 1,630 3 12,668 985
aUnique granddam identification assigned when granddam identification was not known.
For the model:
E[y] = Xb,
and the (co)variance structure of the random effects
was as follows:
V[ampe ] = [Aσ2a A σam 0 0Aσam Aσ2m 0 00 0 INdσ2p 00 0 0 INσ2e]
where Nd is the number of dams, N is the number of
records; A is Wright’s numerator relationship matrix
among animals in the pedigree file, and the I matrices
are identity matrices.
Falconer’s model does not include a maternal genetic
effect, and Willham’s model cannot account for cycles
of maternal effects (Lande and Kirkpatrick, 1990).
Koerhuis and Thompson (1997) proposed an “integrated
Falconer-Willham” model. Model 3 in this analysis was
such an “integrated Falconer-Willham” model (Koer-
huis and Thompson, 1997):
y = Xb + fm(yP − XP b) + Z1a + Z2m + W1p + e
where fm is the coefficient of regression on maternal
phenotype (“Falconer parameter”), yP is a vector of ob-
servations on the dams, and XP is a known incidence
matrix relating these observations to the respective
fixed effects. Koerhuis and Thompson (1997) provide
details on the variance of y and how to deal with missing
observations on dams.
To account for the influence of the phenotypic value
of the dam on her daughter’s maternal ability, Willham
(1972) extended his basic model to include grandmater-
nal effects, but this model does not include all females
in the maternal pathway, although the most important
pathway (granddam-dam-daughter) probably is in-
cluded. Dodenhoff et al. (1999) used such a “grandma-
ternal” model to estimate genetic parameters in beef
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Table 2. Parameters estimated with the six modelsa
Parameter
Model fm σ2a σ2m σ2g σam σag σmg σ2p σ2q σ2sh σ2e
1 X X X X X
2 X X X X X X
3 X X X X X X
4 X X X X X X X
5 X X X X X X X X X
6 X X X X X X X X X X
afm = coefficient of regression on maternal phenotype, σ2a = direct genetic variance, σ2m = maternal genetic
variance, σ2a = grandmaternal genetic variance, σam = direct-maternal genetic covariance, σag = direct-
grandmaternal genetic covariance, σmg = maternal-grandmaternal genetic covariance, σ2p = variance due to
permanent maternal environmental effects, σ2q = variance due to permanent grandmaternal environmental
effects, σ2sh = variance due to sire × herd-year interaction effects, σ2e = residual variance.
cattle. Model 5 in this study was the “grandmaternal”
model (Willham, 1972):
y = Xb + Z1a + Z2m + Z3g + W1p + W2q + e
where g is a vector of grandmaternal genetic effects,
q is a vector of grandmaternal permanent environmen-
tal effects, and Z3 and W2 are known incidence matri-
ces with the Z1, Z2, and Z3 augmented for animals
without records that were included in A. The covari-
ance structure for this model additionally included a
grandmaternal genetic variance (σ2g), covariances be-
tween direct and grandmaternal genetic effects (σag)
and between maternal and grandmaternal genetic ef-
fects (σmg), and grandmaternal permanent environ-
mental variance (σ2q). Covariances between maternal
and grandmaternal permanent environmental effects
as well as covariances between permanent environ-
mental and residual effects were assumed to be zero.
A model with grandmaternal effects requires each ani-
mal with a record to have a known granddam. Van
Vleck (1990) described how to deal with unidentified
dams in models with maternal effects. Unidentified
granddams were assigned a fictitious identification
and were assumed to be related only to their daughters
and their descendants. In the nine data sets, from 1
to 53 granddams were unidentified (Table 1).
Models 2, 4, and 6 were based on Models 1, 3, and 5,
respectively, with a sire × herd-year interaction fitted
as an additional uncorrelated random effect. The re-
spective V matrices were augmented to include Iσ2sh.
Table 2 shows which parameters were estimated with
the six models.
Variance and covariance components and the coeffi-
cient of regression on maternal phenotype were esti-
mated using REML. Models 1, 2, 5, and 6 were analyzed
using an average information algorithm (AI REML)
(Johnson and Thompson, 1995). This quasi-Newton al-
gorithm uses first derivatives of the logarithm of the
likelihood (L) and an average of observed and expected
second derivatives (“average information” matrix) to
find estimates of genetic parameters that maximize L.
The inverse of the coefficient matrix needed to calculate
first derivatives of the likelihood was obtained using
sparse matrix algorithms described by Takahashi et al.
(1973) and implemented in FSPAK (Perez-Enciso et al.,
1992). Convergence was assumed to have been reached
if the Euclidian norm of the vector of first derivatives
was less than 10−4. When fm was fitted (Models 3 and 4),
estimates were obtained with the DFREML 2.1 package
(Meyer, 1997a). Variance component estimation using
a derivative-free algorithm when a regression on mater-
nal phenotype is included in the model is described by
Meyer (1997a). The likelihood was maximized using
the Simplex algorithm (Nelder and Mead, 1965), with
convergence assumed to have been reached if the vari-
ance of function values (−2log L) in the simplex was
less than 10−8.
For these analyses, different estimation algorithms
were used because DFREML did not allow for a third
random genetic effect (grandmaternal genetic effects),
and fm could not be fitted in the AI REML algorithm.
The different convergence criteria were not assumed to
affect the likelihood values when comparing the models
because likelihoods were identical by all methods for
Model 1.
Results and Discussion
Estimation of (Co)variance Components
Parameter estimates for weaning weight for the three
states with the six models are presented in Tables 3 to
5. Estimates with Model 1 were relatively similar for
the three data sets within each region, but they were
slightly different across regions. Particularly for Iowa,
estimates of direct heritability (h2) were larger, and
negative estimates of direct-maternal correlation had a
larger absolute value than for Montana and Nebraska.
The coefficient of regression on maternal phenotype
(Model 3) indicated a small influence of the dam’s phe-
notype, with estimates of fm ranging from −.006 to .014.
Compared to Model 1, the log likelihoods for Model 3 
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for Iowa and Nebraska increased very little, and esti-
mates of maternal heritability (m2) and proportion of
variance due to maternal permanent environmental ef-
fects (p2) were not affected. For Montana, estimates of
fm were positive, and estimates of ram decreased slightly
for Model 3 compared with Model 1. This pattern agrees
with Robinson (1996b) and Koerhuis and Thompson
(1997), who simulated a negative fm and found that in
a “reduced” model the negative fm was accounted for
partially as a negative direct-maternal genetic covari-
ance and partially as a permanent maternal environ-
mental variance. Koch (1972) suggested a fm of −.2 for
weaning weight, and Cantet et al. (1988) estimated the
regression coefficient to be −.25. Meyer (1997b) con-
firmed estimates of this magnitude for Australian Here-
fords, but estimates were nearer to zero (−.03 to −.09)
for weaning weights of Angus from Australia and
New Zealand.
To obtain permissible estimates of all (co)variance
components with the “grandmaternal” model (Model 5)
proved difficult. A full set of permissible solutions was
obtained only for two data sets. Solutions for some vari-
ance components for the other seven data sets became
negative during iteration. When this happened to the
grandmaternal permanent environmental variance (for
six data sets), that component was set to zero. When
the grandmaternal genetic variance became negative
Table 3. Estimates of parametersa for weaning weight by model for Iowa
Parameter
Sample and model fm, kg/kg h2 m2 g2 ram rag rmg p2 q2 s2 σ2p 2logL
IA-1
1 .41 .16 −.55 .10 613.7 .00
2 .21 .11 −.27 .10 .08 615.4 65.97
3 −.003 .41 .16 −.54 .10 614.4 .37
4 −.003 .21 .11 −.26 .10 .08 616.2 66.50
5 .41 .16 —b −.55 —b —b .10 —b 613.7 .00c
6 .21 .11 —b −.27 —b —b .10 —b .08 615.4 65.97d
IA-2
1 .48 .14 −.57 .12 618.3 0.00
2 .31 .09 −.32 .12 .07 620.5 60.15
3 .004 .48 .15 −.58 .13 617.4 .93
4 .003 .31 .09 −.32 .13 .07 619.9 60.64
5 .48 .18 .03 −.57 .37 −.62 .09 —b 636.8 6.50
6 .32 .13 .03 −.35 .30 −.63 .10 —b .06 633.5 65.67
IA-3
1 .50 .16 −.57 .08 572.6 .00
2 .20 .08 −.11 .09 .10 572.0 55.34
3 −.006 .50 .16 −.55 .08 573.2 1.49
4 −.006 .20 .08 −.08 .09 .10 573.6 56.98
5 .49 .21 .04 −.51 .12 −.56 .04 —b 579.0 6.79
6 .20 .11 .04 −.10 .12 −.63 .05 .00 .10 575.7 61.24
afm = coefficient of regression on maternal phenotype, h2 = direct heritability, m2 = maternal heritability, g2 = grandmaternal heritability,
ram = genetic correlation between direct and maternal effects, rag = genetic correlation between direct and grandmaternal effects, rmg = genetic
correlation between maternal and grandmaternal effects, p2 = fraction of variance due to maternal permanent environmental effects, q2 =
fraction of variance due to grandmaternal permanent environmental effects, s2 = fraction of variance due to sire × herd-year interaction
effects, σ2p = phenotypic variance (kg2), 2logL = 2log likelihood as deviation from Model 1.
bEstimate set to zero during iteration.
cModels 1 and 5 identical after grandmaternal components set to zero.
dModels 2 and 6 identical after grandmaternal components set to zero.
(for two data sets), it was set to a small positive value
(10−8) in order to keep the matrix of genetic (co)vari-
ances positive definite while the corresponding covari-
ances were set to zero. Algorithms for Newton methods
that keep the estimates in the parameter space or that,
after reparameterization, do not yield negative esti-
mates have been described (see, e.g., Harville, 1977;
Johnson and Thompson, 1995; Meyer and Smith, 1996),
but they were not available in software used for these
analyses. For sample 1 from Iowa, estimates of grand-
maternal components were not permissible, so esti-
mates with Models 1 and 5 were basically identical.
For the other data sets, estimates of grandmaternal
heritability (g2) were from .02 to .05. Although esti-
mates of direct heritability (h2) did not change com-
pared to Model 1, estimates of p2 decreased with grand-
maternal effects in the model (Model 5). In most cases,
estimates of m2 increased, and estimates of ram were
less negative. Solutions for the fraction of variance due
to grandmaternal permanent environmental effects
(q2), if permissible, were small (.01 to .03). Large nega-
tive estimates were found for the maternal-grandma-
ternal correlation (rmg). Any relationship of the esti-
mates of the direct-grandmaternal correlation (rag),
which ranged from −.36 to .37, with any of the other
parameters was not obvious. Estimates with Model 5
generally agreed with previous studies in which a model 
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Table 4. Estimates of parametersa for weaning weight by model for Montana
Parameter
Sample and model fm, kg/kg h2 m2 g2 ram rag rmg p2 q2 s2 σ2p 2logL
MT-1
1 .25 .16 −.25 .17 479.0 .00
2 .18 .13 −.07 .17 .04 480.6 21.72
3 .013 .25 .16 −.30 .18 476.1 5.84
4 .013 .18 .13 −.12 .17 .04 477.5 27.20
5 .25 .27 .05 −.09 −.36 −.69 .07 .03 474.0 19.86
6 .18 .24 .05 .06 −.38 −.74 .07 .03 .04 476.7 41.34
MT-2
1 .26 .14 −.32 .17 516.8 .00
2 .17 .12 −.14 .17 .04 515.4 40.90
3 .009 .26 .14 −.36 .18 514.4 3.80
4 .009 .16 .12 −.18 .17 .04 512.9 44.64
5 .26 .21 .05 −.24 .05 −.68 .11 —b 520.9 12.98
6 .17 .19 .04 −.08 .06 −.72 .11 —b .04 519.5 53.12
MT-3
1 .24 .17 −.07 .11 476.7 .00
2 .20 .16 .02 .11 .02 475.9 11.98
3 .014 .24 .17 −.12 .12 471.4 9.37
4 .014 .19 .15 .00 .12 .02 470.3 21.75
5 .24 .23 .05 −.05 .25 −.68 .05 —b 486.2 11.05
6 .20 .22 .05 .03 .25 −.66 .05 —b .02 484.9 22.18
afm = coefficient of regression on maternal phenotype, h2 = direct heritability, m2 = maternal heritability, g2 = grandmaternal heritability,
ram = genetic correlation between direct and maternal effects, rag = genetic correlation between direct and grandmaternal effects, rmg = genetic
correlation between maternal and grandmaternal effects, p2 = fraction of variance due to maternal permanent environmental effects, q2 =
fraction of variance due to grandmaternal permanent environmental effects, s2 = fraction of variance due to sire × herd-year interaction
effects, σ2p = phenotypic variance (kg2), 2logL = 2log likelihood as deviation from Model 1.
bEstimate set to zero during iteration.
with grandmaternal effects was applied (Dodenhoff et
al., 1998, 1999). Given a negative influence of the grand-
dam’s phenotype on the dam’s maternal ability, Will-
ham (1972) expected rmg to be negative, but he doubted
that a nonzero covariance between direct and grandma-
ternal genetic effects existed. With both ram and rmg
negative and a possible granddam-dam-daughter cycle,
rag might be expected to be positive.
Differences in the log likelihoods for Models 1, 3, and
5 indicate that including grandmaternal effects fitted
the data slightly better than fitting a regression on
maternal phenotype. Small estimates of fm suggested
little influence of dam’s phenotype on her calf’s perfor-
mance, and estimates of ram with Model 1 did not seem
to be reduced relative to Model 3. However, negative
estimates of rmg and smaller estimates of ram with the
“grandmaternal” model support suggestions and re-
sults by Koch (1972), Willham (1972), Baker (1980),
Cantet et al. (1988), and Meyer (1997b) that such a
negative influence exists. Increased estimates of m2
with Model 5 may be related to the large negative esti-
mates of rmg. With Model 1, maternal genetic variance
was possibly underestimated because maternal genetic
effects were “overshadowed” by grandmaternal genetic
effects, which were accounted for in Model 5. The disad-
vantage of the “grandmaternal” model is that it is com-
putationally demanding because a third random ge-
netic effect is fitted. Koerhuis and Thompson (1997)
fitted a direct-maternal environmental covariance (σec),
but the model did not perform better than the “inte-
grated Falconer-Willham” model. Meyer (1997b) ex-
pected computational problems with large field data
sets when fitting σec and turned to the “integrated Fal-
coner-Willham” model. Quintanilla et al. (1998) pro-
posed a model that includes a covariance between per-
manent maternal environmental effects of all dams in
line of descent to account for nongenetic covariance
between direct and maternal effects.
With Model 2, estimates of the proportion of variance
due to sire × herd-year interaction effects (s2) were from
.02 to .10. Notter et al. (1992), Robinson (1996a), and
Meyer (1997b) reported similar estimates for Austra-
lian Angus. Differences existed across regions; esti-
mates for Iowa were larger than those for Montana.
Likelihood values increased considerably over Model
1 for Iowa and Nebraska, and to a lesser extent, for
Montana. Fitting a SH interaction resulted in smaller
estimates of h2 and m2 and in less negative or even
small positive estimates of ram, particularly for Iowa,
but p2 was not affected.
Similar changes in estimates of h2, m2, and ram were
observed with Models 4 and 6, when the interaction
was fitted in addition to a covariate or grandmaternal
effects compared with Models 3 and 5, respectively.
Estimates of fm with Models 3 and 4 were almost identi-
cal. Although estimates of h2 and m2 were smaller with
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Model 6 than with Model 5, estimates of g2 did not
decrease, and rag and rmg changed less than ram. The
differences in log likelihoods for the six models also
indicate that effects of SH interaction and effects ac-
counting for the influence of dam’s phenotype on daugh-
ter’s maternal ability were independent.
The log likelihoods indicate that Model 6 fitted the
data best, and most of the improvement over Model 1
was due to including SH interaction effects rather than
to including grandmaternal effects. Fitting the SH in-
teraction resulted in lower estimates of h2, whereas
fitting grandmaternal effects resulted in smaller esti-
mates of p2. Both factors had an impact on estimates
of m2, but in opposite directions, resulting in estimates
that were either greater or lower than with Model 1. The
greatest effect was on the direct-maternal correlation,
because both SH interaction effects and grandmaternal
effects resulted in greater estimates of ram, most sig-
nificantly so for Nebraska data, for which estimates
ranged from −.31 to −.41 with Model 1 and from −.14
to .13 with Model 6.
These results suggest that estimates of ram from a
“reduced” model, where SH interaction effects and(or)
grandmaternal effects were not accounted for, may be
biased downward. Biased estimates were found for sim-
ulated data (Robinson, 1996b; Lee and Pollak, 1997)
and for field data (Lee and Pollak, 1997; Meyer, 1997b)
if the SH interaction was not fitted. Lee and Pollak
Table 5. Estimates of parametersa for weaning weight by model for Nebraska
Parameter
Sample and model fm, kg/kg h2 m2 g2 ram rag rmg p2 q2 s2 σ2p 2logL
NE-1
1 .30 .15 −.41 .13 525.1 .00
2 .17 .11 −.14 .13 .07 528.6 68.81
3 .003 .30 .15 −.42 .13 524.7 .49
4 .002 .17 .11 −.14 .13 .07 528.8 68.99
5 .30 .15 —b −.41 —b —b .11 .02 525.3 1.25
6 .17 .11 —b −.14 —b —b .11 .01 .07 528.6 69.46
NE-2
1 .26 .11 −.31 .13 451.4 .00
2 .19 .10 −.18 .13 .03 450.2 16.61
3 −.003 .26 .11 −.31 .13 451.8 .33
4 −.003 .19 .10 −.17 .13 .03 450.6 17.01
5 .27 .16 .02 −.17 −.30 −.75 .09 .01 448.3 10.17
6 .20 .14 .02 −.04 −.41 −.77 .10 .01 .03 446.5 26.05
NE-3
1 .33 .17 −.40 .17 487.8 .00
2 .21 .14 −.22 .17 .04 483.3 27.93
3 −.000 .34 .17 −.39 .17 488.0 .01
4 −.001 .21 .14 −.22 .17 .04 483.5 27.98
5 .34 .21 .03 −.30 −.31 −.33 .14 —b 481.4 5.43
6 .21 .18 .03 .13 −.31 −.40 .14 —b .04 478.4 33.43
afm = coefficient of regression on maternal phenotype, h2 = direct heritability, m2 = maternal heritability, g2 = grandmaternal heritability,
ram = genetic correlation between direct and maternal effects, rag = genetic correlation between direct and grandmaternal effects, rmg = genetic
correlation between maternal and grandmaternal effects, p2 = fraction of variance due to maternal permanent environmental effects, q2 =
fraction of variance due to grandmaternal permanent environmental effects, s2 = fraction of variance due to sire × herd-year interaction
effects, σ2p = phenotypic variance (kg2), 2logL = 2log likelihood as deviation from Model 1.
bEstimate set to zero during iteration.
(1997) speculated that a sire × year interaction was
either a true effect due to different environmental fac-
tors associated with different years, or that unidentified
sources of variation created a covariance between prog-
eny records in the same year. Meyer (1997b) suggested
that a covariance between paternal sibs in a contempo-
rary group caused by management groups or by other
unidentified sources of variation might be one possible
reason for bias in estimating the direct-maternal covari-
ance. According to Bertrand et al. (1985), nonrandom
mating practices or preferential treatment could con-
tribute to an increased correlation among sire progeny
in some herds. These factors may help to explain the
differences in the magnitude of the SH interaction ob-
served in this study, because nonrandom mating or
preferential treatment are more likely to occur in herds
with relatively small contemporary groups. The aver-
age contemporary group size was 12.4 for Iowa, 22.6
for Montana, and 17.4 for Nebraska herds. However,
the average contemporary group sizes of samples within
region were not uniform. Results from this study indi-
cate that fitting SH interaction effects not only im-
proved the likelihood in general but also removed most
of the differences in the estimates of h2, m2, and ram
across regions that were obtained with Model 1.
Sampling Correlations and Standard Errors
Sampling correlations among estimates of (co)vari-
ances for Models 1 and 5 were derived from the inverse
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Table 6. Means of sampling correlations derived from the inverse of the negative of the
average information matrix for nine samples between estimates of (co)variancesa for
Model 1 (above diagonal) and for Model 5 (below diagonal)b
Parameter
Parameter σ2a σ2m σ2g σam σag σmg σ2p σ2q σ2e
σ2a .20 −.62 .02 −.89
σ2m .13 −.65 −.50 −.20
σ2g .00 .25
σam −.57 −.39 .06 .00 .55
σag .02 .12 −.04 −.33
σmg −.01 −.64 −.61 .04 −.30
σ2p .02 −.69 −.45 −.08 .04 .60 −.13
σ2q .00 .03 −.43 .02 .01 .07 −.35
σ2e −.89 −.14 −.00 .52 −.03 .01 −.09 −.00
aσ2a = direct genetic variance, σ2m = maternal genetic variance, σ2g = grandmaternal genetic variance, σam
= direct-maternal genetic covariance, σag = direct-grandmaternal genetic covariance, σmg = maternal-grand-
maternal genetic covariance, σ2p = variance due to permanent maternal environmental effects, σ2q = variance
due to permanent grandmaternal environmental effects, σ2sh = variance due to sire × herd-year interaction
effects, σ2e = residual variance.
bSampling correlations for regions 13.1 and 25.1 were not included because estimates of grandmaternal
genetic effects could not be obtained.
of the negative of the average information matrix. Even
though the estimates varied somewhat across the data
sets (see Tables 3 to 5), the patterns of the sampling
correlations were similar. Therefore, means of sampling
correlations are presented in Table 6. Sampling correla-
tions for Model 1 generally agreed with expected sam-
pling correlations obtained by Meyer (1992a) for a data
structure that provided a relatively large amount of
information to separate components. For Models 1 and
5, the largest negative mean sampling correlation was
Table 7. Means of standard errors of estimates for nine samples of (co)variances and
parametersa for Models 1 and 5b derived from the inverse of the negative
of the average information matrix
Estimates of (co)variances
Model σ2a σ2m σ2g σam σag σmg σ2p σ2q σ2e
1 121.4 80.3 77.2 47.3 69.7
5 119.5 116.4 49.4 80.9 68.6 62.9 69.0 36.3 68.3
Parameter estimates
h2 m2 g2 ram rag rmg p2 q2 s2
1 .043 .031 .093 .019 .031
5 .043 .045 .020 .101 .256 .202 .028 .016 .032
aσ2a = direct genetic variance, σ2m = maternal genetic variance, σ2g = grandmaternal genetic variance, σam
= direct-maternal genetic covariance, σag = direct-grandmaternal genetic covariance, σmg = maternal-grand-
maternal genetic covariance, σ2p = variance due to permanent maternal environmental effects, σ2q = variance
due to permanent grandmaternal environmental effects, σ2e = residual variance, h2 = direct heritability, m2
=maternal heritability, g2 = grandmaternal heritability, ram = genetic correlation between direct and maternal
effects, rag = genetic correlation between direct and grandmaternal effects, rmg = genetic correlation between
maternal and grandmaternal effects, p2 = fraction of variance due to maternal permanent environmental
effects, q2 = fraction of variance due to grandmaternal permanent environmental effects, s2 = fraction of
variance due to sire × herd-year interaction effect.
bEstimates for regions IA-1 and MT-1 were not included because no estimates of grandmaternal genetic
effects could be obtained.
between estimates of direct genetic and error variances.
The mean sampling correlation between estimates of
maternal genetic variance and direct-maternal genetic
covariance was smaller for Model 5 than for Model 1.
Estimates of (co)variance components involving grand-
maternal effects were not highly negatively correlated,
indicating that the data structure was sufficient to
apply a “grandmaternal” model. Not clear, however, is
why for two data sets (IA-1, NE-1), for which the data
structure can be assumed to be similar to the other
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Table 8. Product-moment and rank correlations between estimated breeding values for
direct weaning weight and between estimated breeding values for maternal weaning
weight with Model 1 with the other five models
Direct Maternal
Product-moment Rank Product-moment Rank
Model Mean Min Max Mean Min Max Mean Min Max Mean Min Max
2 .976 .941 .993 .970 .922 .992 .921 .715 .996 .906 .671 .995
3 .999 .999 .999 .999 .998 .999 .999 .997 .999 .999 .997 .999
4 .976 .939 .993 .970 .920 .992 .919 .699 .993 .903 .655 .991
5 .996a .991 .999 .994a .988 .998 .961a .943 .978 .954a .942 .973
6 .974a .934 .990 .967a .915 .987 .880a .667 .957 .863a .624 .952
aCorrelations for IA-1 and NE-1 not included because estimates of components of variance due to grandma-
ternal genetic effects were not permissible.
data sets, estimates of variances due to grandmaternal
genetic effects could not be obtained. Sampling correla-
tions for variance of SH interaction with the other (co)-
variance components for Model 6 were small, ranging
from −.36 with direct genetic variance to .28 with direct-
maternal covariance, thus confirming that the informa-
tion to separate SH interaction and grandmaternal ef-
fects was sufficient.
Mean standard errors of estimated parameters are
shown in Table 7. Including grandmaternal effects in
the model did not affect standard errors of h2 and of
the fraction of variance due to residual effects (e2). With
Model 5, the mean standard error of estimates of m2
was greater than with Model 1, as were the estimates
of m2 (Tables 3 to 5). The mean standard error of esti-
mates of p2 was greater with Model 5, even though the
estimates of p2 were smaller than with Model 1. Large
mean standard errors were obtained for estimates of
genetic correlations, particularly for the correlations
involving grandmaternal genetic effects, rag and rmg.
Correlations Between Estimated Breeding Values
Product-moment and rank correlations between esti-
mated breeding values are given in Table 8. Presented
are mean, minimum, and maximum correlations for
Model 1 with the other five models. Correlations were
not calculated between Models 1 and 5 or between Mod-
els 1 and 6 if estimates of parameters associated with
grandmaternal genetic effects were set to zero. Correla-
tions between estimated breeding values for direct
weaning weight were large. Including SH interaction
effects in the model resulted in slightly smaller correla-
tions, indicating that fitting these effects had more im-
pact than fitting a covariate for maternal phenotype or
including grandmaternal effects. Fitting the covariate
also had only little impact on the estimated breeding
values for maternal weaning weight, as shown by the
correlations between Models 1 and 3. Correlations were
somewhat less when grandmaternal effects were in-
cluded in the model. Clearly, fitting SH interaction ef-
fects had the greatest effect. The magnitude of the corre-
lations between Models 1 and 2 was directly related to
the magnitude of the estimates of s2; the lowest correla-
tions between estimated breeding values were for Iowa,
which had relatively high estimates of s2. Lee and Pol-
lak (1997) found an estimate of s2 of .03 for Simmental
data, with correlations between expected progeny dif-
ferences of .978 (direct genetic effects) and .967 (mater-
nal genetic effects). The smallest correlations in the
present study were between Models 1 and 6. Model 6,
with both the SH interaction and grandmaternal effects
included, also had the largest log likelihoods.
Implications
Direct and maternal heritabilities may be overesti-
mated, and the direct-maternal correlation may be bi-
ased downward if sire × herd-year interaction is not
included in models to estimate genetic parameters for
weaning weight of Angus cattle. Thus, models with sire
× herd-year interaction as an uncorrelated random ef-
fect are recommended for routine genetic evaluation.
Genetic evaluations with this interaction might result
in considerable re-ranking for estimated breeding val-
ues for maternal weaning weight. A negative relation-
ship between a dam’s phenotype and her daughter’s
maternal ability was confirmed with estimates of pa-
rameters when grandmaternal effects were included in
the model. Maternal heritability may be underesti-
mated, and the direct-maternal genetic correlation may
be biased downward if grandmaternal effects are not
accounted for in the model. Inclusion of grandmaternal
effects in models for routine genetic evaluation may not
be feasible because adding a third genetic effect would
be computationally demanding.
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